22 Maintaining cognitive health across the lifespan has been the focus of a multi-billion-dollar industry.
133 (a modified Stroop task); (4) 'Odd One Out' (deductive reasoning); (5) 'Spatial Span' (short-term 134 memory); (6) 'Rotations' (mental rotation); (7) 'Feature Match' (feature-based attention and 135 concentration); (8) 'Digit Span' (verbal working memory); (9) 'Spatial Planning' (planning and 136 executive function); (10) 'Paired Associates' (shape-location associative memory); (11) 'Interlocking 137 Polygons' (visuospatial processing); and (12) 'Token Search' (working memory and strategy).
138 Factor analysis 139 Imaging studies have underscored the fact that there is rarely a one-to-one mapping between 140 cognitive functions and the brain areas, or networks, that underpin them. One approach to this issue 141 is to examine the complex statistical relationships between performance on any one cognitive task (or 142 group of tasks), and changes in brain activity to reveal how one is related to the other. In order to do 143 this most effectively, large amounts of data need to be included because of the natural variance in 144 cognitive performance (and brain activity) across tests and across individuals. In the age of 145 computerized internet testing and so-called 'big data', this problem becomes much easier to solve.
146 Hampshire et al. [31] collected data on the 12 CBS tasks from 45,000 participants. These data were 147 then subjected to a factor analysis and 3 discrete factors relating to overall cognitive performance 148 were identified. Each one of these factors represents an independent cognitive function that is best 149 described by a combination of performance on multiple tests, something that no single test can 150 assess, and were labeled as encapsulating aspects of short-term memory, reasoning, and verbal 151 abilities, respectively. This technique allows an individual's performance to be compared to a very 152 large normative database in terms of these descriptive factors rather than performance on a single 153 test. Here, the same 12 tests were used to create three "composite" scores reflecting performance 155 based on the factor analysis by Hampshire and colleagues , and the three composite scores were 156 calculated as follows. First, the 12 individual test scores were normalized (M = 0.0, SD = 1.0). Then, 157 the three cognitive domain scores were calculated using the formula Y = X(Ar + ) T Segmented linear regression models were constructed to predict each of the 3 domain scores 191 from participants' reported age and were estimated using maximum likelihood estimation.
192 Segmented regression was used to fit a model in which there is a change in the linear relationship -193 such as a "peak" that indicates a transition from increasing to decreasing performance with age -194 without imposing a pre-determined shape (e.g., quadratic or cubic) through adding one or more 195 piecewise linear relationships [40, 44] . The value of the independent variable (i.e., age) at which this 196 change occurs is referred to as a breakpoint. The relationship between cognitive performance and age 197 was modeled separately for each gender. 220 sample size. To determine whether these values differed significantly between genders, the lower and 221 upper 2.5% quantiles of the bootstrapped difference values were produced; if these bounds included 222 zero, then it could be interpreted as no significant difference between the genders.
223
In segmented models where multiple breakpoints were deemed a better solution than a single 224 point as determined using BIC, the increasing or decreasing portion of the curve (i.e., the data to the 225 left or right of the "peak") was characterized by two increasing or decreasing linear segments with 226 different slopes (as can be seen in Fig 2C, 255 that is, a transition from increasing to decreasing performance with increasing age (Fig 2A) . Results 256 are reported in Table 2 , and slopes with 95% CIs bounds that did not include zero were interpreted as 257 a significant effect of age. 
280
In order to determine whether women and men differed in peak age, peak score, or increasing 281 and decreasing slopes, 95% quantiles of bootstrapped difference values were calculated for each 282 parameter. As can be seen in Table 3 , there was no significant difference in the age at which women 283 and men peaked in STM performance. However, men reached a significantly higher overall score than 284 women at their peak ages, a difference of 0.28 standard deviations. When comparing how STM scores 285 increased leading up to peak age and how quickly they declined afterward, women and men did not 286 differ significantly. 287 288 289 
309
As summarized in Table 3 , men reached a peak in verbal abilities at a significantly later age 310 than women. Men also had significantly higher scores at peak age, with a difference of 0.05 standard 311 deviations. When comparing how scores increased up to peak age, women's scores improved at a 312 faster rate than men's, however there was no difference when comparing the rate of decline from 313 peak age to age 69.
314 Reasoning 315 A model with one breakpoint was again found to best estimate women's reasoning scores.
316 However, this breakpoint occurred at age 38.24 years, and indicated a transition from a gradual to 317 steeper decline: scores declined with a slope of -0.014 [95% CI = -0.017, -0.011] from age 12 to age 318 38.24, at which point the negative slope increased to -0.029 [95% CI = -0.034, -0.023]. Davies' test for 319 a change in slope was significant (p < .001), indicating that the linear relationship changed. As can be 320 seen in Fig 2C, the highest predicted scores for women occurred at age 12 with a score of 0.21 [95% CI 321 = 0.12, 0.25]. However, because this is the cut-off age of our sample, it is not possible to determine 322 whether this is indeed a true peak, or if scores are higher at earlier ages.
323
Men's reasoning scores were best estimated by a segmented model with one breakpoint. The 324 breakpoint in men's reasoning score occurred at age 23.51 (95% CI = 22.25, 24.78), with a score of 325 0.20 [95% CI = 0.16, 0.23]. The change in slope was significant, as measured by the Davies' test (p < 326 .001), however the slope of the initial segment was 0.002 [95% CI = -0.004, 0.010], and slope of the 327 decreasing segment was -0.027 [95% CI = -0.029, -0.026], indicating that only the second segment 328 showed a significant effect of age. Similar to women, this suggests that we did not capture a 329 developmental increase in reasoning abilities within the current sample, and it is possible that the 330 true peak occurs earlier than age 12.
331
Because we do not have a reliable measure of peak age in either gender, we compared 332 between genders the age at which reasoning scores began to decline. In this sample, women began to 333 decline in reasoning abilities significantly earlier than men, however reasoning scores at that age did 334 not differ between genders (Table 3) . Because women did not show an increase in reasoning scores 335 within our age range, we could not compare men and women on this measure. However, when 336 comparing how scores declined after peak age, men declined significantly faster than women. Table 4 . Both women and men again showed a 350 significant change in slope as measured by the Davies' test (p < .001 for both genders). As can be seen 351 in Table 5 , after matching women and men on sociodemographic variables, no significant differences 352 were found in the age at which women and men peaked in STM, nor in the slopes of the increase and 353 decrease in scores surrounding peak age. However, men still reached a higher overall score than 354 women at their peak ages by a standard deviation of 0.21.
355 366 Both women and men again showed a significant change in slope as measured by the Davies' 367 test (p < .001 in all tests). There were no significant differences in the age at which women and men 368 peaked in verbal abilities, scores at peak age, nor in the slopes of the increase and decrease in scores 369 surrounding peak age (Table 5 ).
370 Reasoning
371
Reasoning scores in our sample of women began to decrease at a significantly earlier age than 372 men, however scores at that age did not differ between genders. While we did not capture an 373 increase in reasoning abilities in either gender in our sample, reasoning scores decreased significantly 374 faster in men than women (Table 5 ).
Discussion

376
After creating three cognitive domain scores from the 12 CBS tests based on their underlying 377 factor structure, we were able to replicate previous findings suggesting that not all cognitive domains 378 develop and decline in the same way. Specifically, STM increased rapidly from age 12 to the early 20s, 379 at which point it decreased at a steady rate until age 69, the upper limit of our sample's age range.
380 Verbal abilities also peaked in early adulthood, while reasoning did not show a clear peak in scores, 381 instead being characterized by either a decline from age 12, or a plateau followed by a decline. These 382 results were consistent with previous studies showing that cognition is not a unitary concept, and 383 different cognitive abilities have separable developmental trajectories [11, 12] . However, they extend 384 the results of those studies in several important ways:
407
While these results are presumed to be reflective of the cognitive performance of the 408 population, they are complicated by the differences in socio-demographic factors. Several of the 409 factors showing the largest differences, such as sleep and anxiety, have known effects on cognitive 410 function [38] , making it difficult to determine what is driving the observed gender differences. Further 411 complicating the matter is that because these socio-demographic factors are gender-dependent, it is 412 not possible to include them in the model due to issues with multicollinearity. By matching men and 413 women on these factors, however, we were able to limit their effect on the data as much as possible 414 and the results show that this greatly reduced the differences in cognitive performance and aging. Of 415 course, there are numerous demographic factors that we did not control for, and it is impossible to 416 truly capture all of them. Additionally, there are some socio-demographic differences that may have 417 biological underpinnings. For example, depression is more prevalent in women, and this may be in 418 part due to the presence of sex-specific forms such as premenstrual dysphoric disorder [48] . It is 419 therefore difficult to disentangle the environment from biological sex differences, however 420 accounting for these differences, regardless of their origin, is necessary for describing gender 421 differences in cognition alone.
422
As noted above, controlling for gender-specific differences in socio-demographic factors 423 greatly reduced the differences in cognitive performance and aging. While men still reached a higher 424 peak score than women, the difference between peak scores decreased from .28 SDs to .21 SDs.
425 Notably, all differences in verbal abilities disappeared, with women appearing more like men in the 426 nature of their progress, having no differences in peak age, score, or the rate of improvement or 427 decline. However, although the gender gap was smaller (or absent) in the matched sample, this does 428 not mean that differences in the unmatched sample should be ignored. While they may not
